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 Multiple diseases require a blood transfusion on daily basis. The process of a 
blood transfusion is successful when the type and amount of blood is 
available and when the blood is transported at the right time from the blood 
bank to the operating room. Blood distribution has a large portion of the cost 
in hospital logistics. The blood bank can serve various hospitals; however, 
amount of blood is limited due to donor shortage. The transportation must 
handle several requirements such as timely delivery, vibration avoidance, 
temperature maintenance, to keep the blood usable. In this paper, we discuss 
in first section the issues with blood delivery and constraint. The second 
section present routing and scheduling system based on artificial intelligence 
to deliver blood from the blood-banks to hospitals based on single blood 
bank and multiple blood banks with respect of the vehicle capacity used to 
deliver the blood and creating the shortest path. The third section consist on 
solution for predicting the blood needs for each hospital based on transfusion 
history using machine learning and fuzzy logic. The last section we compare 
the results of well-known solution with our solution in several cases such as 
shortage and sudden changes. 
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1. INTRODUCTION  
These days, various diseases require a blood transfusion. Many patients, whatever the urgency of 
their situations, need a transfusion of red blood cells and/or platelets. The process of a blood transfusion is 
successful when the type and amount of blood needed is available and when the blood is transported at the 
right time. By having a blood unit from donors through blood banks and also those units should cover the 
need for quantity and type of blood. In the last decade, several countries attempted to create a social 
sensibility and requested for blood donation from public, because blood cannot be produced synthetically, 
and there is a positive outcome from the citizens. However, and unfortunately in many cases, the patients 
succumb to their injuries or illnesses and lose life due to delay in delivery process, or the blood not usable 
due to quality issues while transporting. Blood shortage remains and the blood demand over a time horizon is 
uncertain and also perishability. During each surgical operation, blood units are required. Transporting blood 
in an emergency on time and under the right conditions can, therefore, save many lives. Transportation needs 
to be more delicate since blood products have a limited lifespan hence, transportation-represents a critical 
stage in the transfusion chain which must be properly controlled. Transport must guarantee the integrity of 
blood while allowing rapid delivery to ensure the safety of the patient. 
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The idea is to determine the approach to be implemented to guarantee the quality of the goods, in 
our case blood units, transported both in terms of thermal and physical integrity within a well-defined period 
and in compliance with the hygiene and safety conditions of these organic products. Therefore, a good and 
efficient delivery system is needed, especially between blood-banks to the operation room, the system needs 
to provide a pulling approach from the blood bank and serve a set of hospitals while respecting the vehicle 
capacity and delivery time constraints. This approach is done using the vehicle routing problem (VRP) or 
traveling salesman problem (TSP) in case of only one route. VRP can be defined as the solution of creating 
optimal delivery from one or more depots to a certain number of dispersed customers. We can project this 
approach to our needs as blood-bank and hospital instead of depot and customer. However, in reality, many 
blood-banks can be located near to a set of hospitals, for this matter, the adaptation of new approaches such 
as the multiple depot vehicle routing problem (MDVRP) is required. There are three phases for optimization 
using MDVRP, grouping, routing, and scheduling. In the last phase, genetic algorithms can be used to attain 
more than one solution by fitness value. This transportation system needs to predict the amount of demand 
for each hospital, based on the history of demand.  
This paper is organized as follows: Section 1 is about motivation and research method, section 2 
presents the fuzzification of historical data to simplify the learning stage, section 3 discusses the prediction of 
hospital needs by using machine learning based on fuzzified data. Section 4 is about the research method 
between VRP and MDVRP for blood delivery using genetic algorithms after the defuzzification of machine 
learning data and followed with the result in section 5. 
 
 
2. LITERATURE REVIEW 
Blood storage and delivery is a well-known challenge that persists in the healthcare sector for 
decades, Martinez and Fedda [1] discuss those challenges and the requirement to store blood with different 
components like, red blood cells (RBCs) can be stored up to 42 days, platelets to 5 days, and plasma to one 
year. Jian et al. [2] author presents a decision cloud-based system for the risk assessment of heart disease by 
leveraging the techniques of a fuzzy expert system. Viegas et al. [3] use fuzzy logic to solve patients 
readmitted to care units, also Morsi and Gawad [4] use fuzzy logic in health-related diagnosis for the 
diagnosis of heart and blood pressure measurements. Viegas et al. [3] proposed a model to predict 
readmissions of care units using feature selection and fuzzy logic approaches. Alkahtani and Jilani [5] use 
machine learning to predict the return on donor blood donation with data mining. A 2016 study at New York 
City Blood Center [6] for blood supply demand forecast, to determine the optimal method of prediction, 
based on a comparison using moving average (MA), exponential smoothing (ES), autoregressive integrated 
moving average (ARIMA) and vector autoregressive integrated moving average (VARMA) models where 
the results showed that the accuracy of ARIMA models and their simplicity compared to VARMA made 
them the best models to predict blood demand, when compared the ARIMA model with artificial neural 
networks (ANNs) [7], and shows that ANN overcomes ARIMA in demand forecasting on monthly blood 
demand. 
 For the routing part, VRP natural computing algorithms show a suitable result. Yu et al. [8] 
proposed an improved ant colony algorithm to solve VRP which gives better results in the comparison 
between other heuristic methods, yet another approach proposed by the Gong et al. [9] based on particle 
swarm optimization (PSO) for VRP with time windows, the simulation result shows the efficiency of 
Solomon's benchmark testing algorithm. Multi-depot vehicle routing problem is considered one of the well-
known solutions in the research field currently for solving the delivery of goods in multi-depot instead of one 
depot as VRP, and the goal is to optimize cost and exchange between multiple sources and destinations. 
Zhang et al. [10] proposed a model MDGVRP (MD green VRP) based on an ant colony with a solution to 
route the optimal path while taking into account the capacity of the vehicle and also fuel capacity of such 
vehicle. Vehicle routing problems cannot be resolved with a high precision, caused by the height computing 
power. To get better precision, the genetic algorithm (GA) can be used in this case, because of the stochastic 
properties and efficiency of GA, MDVRP can be resolved by using those techniques. Osaba et al. [11] 
describe several applied metaheuristic approaches. Laporte et al. [12] and Lenstra dan Kan [13] tried to solve 
the problem with exact methods, however in [14] demonstrated that both techniques are not effective. Aras et 
al. [15] solved for Priced MDVRP, which the vehicle visits a customer only if it is profitable, where in they 
propose two methods: the heuristic method to solve the MDVRP, and mixed-integer linear programming 
(MILP), and concluded that heuristics give better results. 
 
 
3. RESEARCH METHOD 
There is uncertainty in the demand and distribution of blood in the healthcare industry, which drives 
it necessary to study and understand the history of demands for blood in order to be able to predict future 
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needs for a wide blood type. Blood unit bag distribution has a large share of the cost in hospital logistics. It 
causes high-cost transportation, but also risks to the quality and requirement of transportation, such as 
vibration avoidance, temperature maintenance, and timely delivery, especially in emergency situations. When 
the distribution is not optimal, blood quality is greatly influenced by transportation. Related to this matter, the 
distribution process needed to be optimized and predictable. The first step in our proposition is to predict the 
number of units that can be requested from each hospital. This prediction is based on historical data of 
demand of the hospitals. After the donor signs a consent form, the collection of blood from donors can be 
with two methods, manually or automated apheresis devices. This blood then will be processed into three 
components, red blood cells, Platelets, and Plasma, each one has specific conditions for storing and quality 
control based on the duration of storage, where the red blood cells (RBCs) can be stored up to 42 days, the 
platelets up to 5 days, and plasma up to one year [1]. Therefore, each hospital has a specific demand for these 
components. However, usually, the demand for blood units in the historical data is set as a numeric value, 
consequently, the decision about blood unit quota to be provided for each hospital based on current blood 
bank storage is unclear and hard to predict. Thus, a fuzzy system to perform a clustering can help to 
determine the demands based as a fuzzification of the numerical value inside the historical data demand for 
each blood component and for each hospital. The data after fuzzification will be introduced to the machine 
learning stage to perform a prediction based on historical data while respecting the priority of the newest data 
by being aware of its past experiences as a human. A defuzzification process is needed to numerically predict 
each hospital’s demand based on current blood bank stock to set a fair distribution. Finally, perform routing 





Figure 1. General schema of the proposition 
 
 
3.1.  Data fuzzification 
Fuzzy logic is a generalization of standard logic, in which a concept can possess a degree of truth by 
using many-valued logic rather than binary or numerical logic, fuzzy logic can provide human experience 
and human decision-making behavior. In recent decades, fuzzy logic is interesting in industry and academic 
fields. It has been applied to many research areas, such as artificial intelligence and machine learning. This 
approach can deal with incomplete, imprecise, inconsistent, and uncertain data. It has been used to solve 
several nonlinear controls, such as modeling the number of patients readmitted to care unit [3]. The author 
proposes the use of demographic information, vital signs, and statistic from a laboratory, to accurately predict 
the number of patients to be readmitted to the care unit. 
Fuzzy logic consists of four-stage, fuzzifier, a defuzzifier, an inference engine, and a rule base 
fuzzification is needed to convert the input data into an appropriate set of linguistic value which is required 
for the inference engine. At the rule base stage, a set of fuzzy rules are defined, that characterize the behavior 
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of the system. The inference engine stage is used to create inferences and provide conclusions based on the 
previous stage. Defuzzification is the stage of transforming back the output (fuzzy action) into a set of 
numerical or binary actions based on the output of the inference of the engine. Figure 2 presents the fuzzy 
logic system and Figure 3 present the psedo code as implemented in our paper. 
In our case, the blood bank data is a set of five values: The week (week date), hospital, the number 
of ordered red cells bag units, platelets bag units, and plasma bag units. During the fuzzification stage, 
numeric inputs are linked to linguistic membership Functions to get values that describe the respective input 
as presented in Figure 4. With this approach, the output data will be a linguistic data (very high, high, normal, 
low, very low) which describes the amount of blood unit order for each blood component (red cells, platelets, 















Figure 4. Membership functions for unit demand for each hospital (Very high, high, normal, low, very low). 
 
 
3.2.  Prediction and machine learning 
Machine learning is a new field of computer science which is growing fast in the last few years, and 
making a big difference in pattern recognition and learning in artificial intelligence (neural network). 
Machine learning use algorithms that allow learning from data to make a prediction or decision in a future 
event, by using statistics to solve many classifications and clustering problems. Machine learning techniques 
can be applied to all research and industry fields. Usually, machine learning (ML), uses data to train the 
system and make a prediction on unknown data by using one of three categories, unsupervised, supervised, 
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and semi-supervised, however in reality and more specifically in our case (blood transportation), and due to 
constraint of durability, quality, time conditions, specification can occur. Thus, the data need to be updated 
for escaping the old data training problem which is not accurate. To resolve that, we can use a reinforcement 
learning technique called transfer learning. This technique reduces the old data in case of new data inserted. 
Transfer learning consists of reuse the model created for a specific task as a starting point for training the 
second task. This method is a popular approach in deep learning when a model that has been trained before 
being used as a starting point to avoid consuming huge amount of time and resources required to train a new 
model and to use the old experience of the old model. As an example, the Yosinski et al. [16] present their 
results on how the lower layers act as extractors of conventional computer vision, such as edge detection 
feature, while the final layers work towards task-specific functionality. Kocçer and Arslan [17] developed a 
method for routing traveling paths based on the virtue of traffic density by using transfer learning. And such 
models can rapidly change the routing based on past experiences. Sharma et al. [18] use machine learning for 
products price prediction. 
To deal with future events, a prediction system is needed, in our case, the need is to predict future 
hospital blood demand. Thus, machine learning is used to optimize performance using old or sample data. 
After receiving data from the fuzzification stage, we need to predict the hospital demand, based on historical 
data, and this data will be feeded as an input into a neural network, and start training the model. In this case, 
we can predict a fuzzification of the amount of blood units needed for each hospital in every blood 
component, however, we can also predict the demand based on a specific week-in case of epidemic disease 
which spreads in a specific time and needs a blood supply. Input data is the fuzzified week, hospital, the 
number of ordered red cells bag units, platelets bag units, and plasma bag units. Table 1 presents sample 
input data: (NB: hospitals are presented as identifiers; those identifiers are linked geographical data.) 
 
 
Table 1. Sample input data for training models to make predictions 
Week(W) Hospital(H) Red Cell(RC) Platelets(PL) Plasma(P) 
1 H1 LOW HIGH VERY_LOW 
1 H2 HIGH HIGH NORMAL 
2 H1 LOW VERY_HIGH NORMAL 
 
 
In our example, we predict the number of units needed by a specific hospital in a specific week of 
the year. The model can also predict the need based on geographical data or/and week. During this 
prediction, the trained model predicts the output for a given input (hospital and week) based on its learning. 
To evaluate the performance of the model, the test prediction concludes by predicting blood components for 
a hospital in a pre-stored week and comparing the values. As a result, 81% of prediction was correct, 9% was 
incorrect in one component, and 6% incorrect in two components and 4% was completely incorrect. 
 
3.3.  Evaluation metric 
To gauge and evaluate the presented model among other models, a regression analyses using 
evaluation metric is implemented to measure the quality of the fit of the model, where (Root mean squared 
error) RMSE is widely used for this matter. It's the same metric used by [7] and [6], RMSE is a very common 
evaluation metric, measuring the quadratic mean of the differences between predicted values and the real 
ones, It can range between 0 and infinity, where it is based on penalizing large errors, which means values 
closer to 0 are better than higher values. Thus, this is a sensitive metric to outliers. Besides RMSE, mean 
absolute error (MAE) is also used for the same matter. MAE helps to measure error magnitude that consists 
in the results of average of the difference between the predicted values and the actual ones. 
 
𝑅𝑀𝑆𝐸 =




                  𝑀𝐴𝐸 =






Where, N number of non-missing data points xi actual observations time series and x′i is the estimated series. 
 
 
4. ROUTING AND SCHEDULING 
Optimal distribution problem can be solved using the vehicle routing problem (VRP) model, 
however in some cases, several blood banks can serve a group of hospitals, in this case, the multi depot 
vehicle routing problem can be useful as a model. As we need, the main purpose of VRP is to find the 
shortest routing and shortest time. In the classic VRP case, only one blood bank can serve, we consider the 
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blood-bank as the depot, in this case, the depot will be the start and endpoint. The blood-bank has m vehicles 
for n hospitals. In case all hospitals had been visited, or the capacity of vehicles met, the vehicles need to 
return to the blood bank. Although, both vehicle routing problems are NP-hard. 
 
4.1.  VRP 
The vehicle routing problem (VRP) is an extension of the traveling salesman problem, also known 
as the traveling salesman problem (TSP). The objective is to determine the routes of a vehicles fleet to 
customers or to perform tour of visits (medical, and commercial visits) or interventions (maintenance, repairs 
and checks). We will represent clients as hospital or a healthcare facility, and the deposit as blood-bank. 
VRP: as presented in Figure 5, a single depot (in our context a single blood bank) is serving several hospitals, 





Figure 5. Blood delivery routing illustration based on the VRP approach 
 
 
Based on transportation network, the notations used for the formulation of the VRP are based on a simple 
graph G = (V, E)with: 
- V = {V0, V1, . . . . , Vn, Vn+1} a set of vertices with V0 = Vn+1 representing the deposit and V′ =
V/{V0, V1, . . . . , Vn, Vn+1} the set of clients. 
- E =  {(Vi, Vj)/ Vi, Vj ∈ V
′, i ≠ j} is the set of edges forming the routes. Each tour starts at v0 and ends at 
vn+1. 
- A matrix of costs or distances cij between customers Viand Vj , with (C0,n+1 = 0). 
- drepresents a vector of customer requests. 
- Riis the tour of vehicle i represented by a permutation of customers visited by the vehicle. 
- The fleet of vehicles  is made up of all identical vehicles with capacity C and fixed cost F. A vehicle is 
assigned to each round. 
This model contains noted decision variables 𝑥ij
ℓ (defined 𝑖𝑗  V, ℓ ) and take the value 1 if 
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k V’, ℓ  
(5) 






















The objective function (1) indicates the total cost to be minimized and which includes the cost of 
vehicles and the cost of rounds. The constraints (2) and (3) indicate that each customer must be assigned to 
exactly one vehicle. The constraints (4), (5) and (6) model the flow constraints which guarantee that each 
vehicle leaves the depot, and then visits at least one customer to finally return to the depot. The constraint (7) 
indicates that the capacity of the vehicles must not be exceeded. 
 
4.2.  MDVRP 
The multi-depot vehicle routing problem (MDVRP) is a well-known class of problems in 
distribution and logistics, it is a VRP with multiple depots from where vehicle with or without a fixed 
capacity can make a travel to serve the client or the destination. In our context, the hospital presents a client. 
If health-care or hospitals are placed near to blood-banks, then the distribution can be simplified as a normal 
set of VRPs as explained before. But if healthcare facilities and blood banks are not organized due to 
geographic shape or political requirements, or also urgent delivery, the issues will be a multi-depot vehicle 
routing. The vehicles in MDVRP serve a hospital in a separated region or group, each vehicle or set of 
vehicles is assigned to a single depot, which is usually both the origin and destination of the vehicle route. 
The Figure 6 presents the multiple blood bank deliveries for a set of hospitals. It shows that hospitals can be 
served from several blood banks and can alter the route length. The two blood banks in this figure is the 





Figure 6. Blood delivery routing illustration in case of multiple blood banks based on the MDVRP approach 
 
 
We can present our MDVRP mathematically as follows: G = (V, E) is a graph where V is the set of 
vertices partitioned into two collections. Vc = {V1, V2, . . . . , Vn} Represent the list of the hospitals. Vp =
{Vn+1, Vn+2, . . . . , vn+m} represent the collection of blood banks (BB), E set of edges connecting two points. A 
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Cost matrix D = (Dij) is the length of arc (vi, vj) (corresponding to distance). Expecting D symmetry, and 
the distance between sets of three points satisfies the triangle inequality. Each BB Vn+m ∈ Vd has the same 
model. km(The number of vehicles at the BB) are identical in term of vehicle (model, capacity Q, shape). 
Each vehicle starts from a blood bank (BB), serving a set of hospitals, at the end of the route or 
when Q is not enough to serve the next Hospital, the vehicle must return to the starting BB to refill. Every 
hospital is visited only once by one vehicle, we consider in this example that a route can be done only by one 
vehicle. The total demand for each route does not exceed the vehicle capacity Q. The vehicle cannot exceed 
the vehicle capacity Q, and the number provided by each BB is limited. Blood bank cannot serve each other’s 
(BB cannot serve another BB). The main objective for MDVRP, in this case, is to link hospitals into the 
proper BB with minimization of distance travelled by vehicle across the network. 𝑛 hospitals are grouped to 
form m clusters. Clusters consists of n1, n2, … . , nm number of hospitals. The number of vehicles based at a 
BB is km. kj is the group of hospital linked to a vehicle. MDVRP formulation for finding x which is the 
minimizes can be described as following: 
Decision variables X and Y: 
 
xijkm = {hospital j else 0} 
 
yikm = {BB m else 0} 
 








p=1       (8) 
 
∑ qiyiqp ≤ Q
n
i=1          (9) 
 
0 ≤ njq ≤ nj         (10) 
 
∑ njq = nj∀j = 1 m
kj




j=1 n         (12) 
 




p=1         (13) 
 
xijqp = 1 ∨ 0         (14) 
 
yiqp = 1 ∨ 0         (15) 
 
The objective function according to (8) minimizes the total delivery distance and cost of each 
vehicle within a blood bank. Equation (9) limits capacity Q of the vehicle, (10) indicates the hospitals served 
by each vehicle must not overtake the number of the hospital a blood-bank can deliver to. The (11) shows the 
sum of the hospitals served by the whole route should be the sum of the hospitals served by the blood bank. 
The (12) shows every hospital served by a blood bank. The (13) Guarantee that every hospital must be visited 
only once by a vehicle (14), (15) is the value bound of the decision variables. 
 
4.3.  Genetic algorithm 
The genetic algorithm (GA) is a stochastic optimization technique based on a parallel search 
mechanism which makes it more efficient than other classical optimization techniques such as branch and 
bound, Tabu search method and simulated annealing. The GA implementation is used to avoid local optimum 
trap using genetic operations like crossover and mutation. A population of possible randomly-generated 
solutions represent as chromosomes that can evolve through iterations. The chromosome is ranked by fitness 
in each generation. The score of the fitness of chromosome determine if it will be selected for the next 
generation or not by using the genetic operations. 
GA was used by many authors to simulate an evolutionary system based. It is a class of heuristics 
methods used in several field including the VRP and MDVRP, Surekha and Sumathi [19] present a 
comparative study of different genetic algorithm variant applied to VRP and MDVRP, Ho et al. [20] propose 
two solutions for the MDVRP. The first one is a simple implementation of GA for solving MDVRP. The 
second one is a with Clarke and Wright saving based method with nearest neighbour approach, and he 
provide a comparative study between both solution and the author conclude that the second one is more 
suitable. 
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I initial population: the first chromosome is generated based on Euclidian distance. Blood bank and 
hospitals will be grouped according to the nearest group with consideration of the grouping, routing, and 
scheduling. For example, an MDVRP instance with 5 health care facilities and 0 is the blood-bank (BB). If 
the path representation for this instance is (0 2 4 1 0 3 5 0), then two routes are required to serve all the 
facilities. The first route depart from the BB at 0 and travels to facilities (2 4 1). Once the vehicle has finished 
the first route, the BB receive the vehicle for next load to serve for second route (if there is any hospital left). 
Second route start from the BB 0, serves hospitals and facilities 3, 5, and returns to the blood-bank. 
Evaluation: chromosome can be evaluated by calculating the fit score or fitness value, the ideal 
situation in MDVRP is to reduce the time spending on delivery and reduce cost in n blood bank and health-
care facilities. The process starts in each blood bank at the same time that explains why some vehicles are 
able to the delivery simulation before other vehicles. In our context we consider fitness score calculated 
based on a total of cost route CRmk of each vehicle (k) in every blood-bank (m). The cost formula is 
presented as the following:  
 




The cost for one vehicle of the i BB is calculated as the following:  
 
𝐶𝑅𝑖1 = 𝐷(𝑑𝑖, 𝑐1) + ∑𝐷(𝑐𝑗, 𝑑𝑖) + 𝐷(𝑐𝑛 , 𝑑𝑖)𝑓𝑜𝑟𝑎𝑙𝑙𝑗 ∈ 𝑛𝑗𝑞 
 
Selection: the best chromosome (based on fitness score) is selected for next generation. Ho et al. 
[20] uses a roulette-wheel based selection to generate the new chromosome for next generation, while others 
use tournament selection [19]. The chromosome selection strategy is based in almost all situation on fitness 
score evaluation, the fittest solution is to be selected for the next iteration. It can be also a selection for 
several chromosomes to perform the genetic operation. 
Genetic operation: both mutation and crossover affect the selected chromosomes with genetic 
operations rate, several methods and approach can be implemented for picking the right case, but overall, 
both operation impact the results in term of time and iteration. Crossover: The combination of informations 
from two or several genomes to generate new generation, it can be done with picking the random (classical) 
case or by implementing a more suitable solution to make the process faster or more efficient. Berman and 
Hanshar [21] present an approach for crossover, the approach is based on best cost route crossover (BCRC) 
projected to vehicle routing problem with time windows (VRPTW). The classical order crossover was 
implemented by [20] for an MDVRP application. Mutation: exchanging or swapping two distinct customers 
or depots randomly to generate more heterogenic population. The mutation operation assure the diversity in 
the each generation to avoid being trapped in a local optimum. There are two types of mutation method, 
heuristic mutation and inversion mutation [22]. Flipping a chromosome case to build a new offspring. The 
creation of the population and more specifically the initial population will be presented as set of cases, 
hospitals presented as numbers while 0a, 0bare BB. Figure 7 presents a chromosome as a set of healthcare 
facility with number from 1 to 9 presents hospitals, and 0 presents blood banks. 
Grouping: We implement weighted-k-means to be our clustering method for not only group by 
distance, but also by hospital bed capacity (HBC), but the data in the real case was not available especially 
HBC. So we used Euclidean distance instead [23]. He et al. [24] present a new approach using the Tabu 
search algorithm. However, some geographical distribution need to use haversine [25] especially if the 
country is large and the hospital along with blood bank are way to separate from each other. Figure 8 presents 
grouping sample, 𝐵𝐵 presents blood banks and numbers presents hospitals.  
 
 
1 2 3 4 5 6 7 8 9 10 0a 0b 
 
Figure 7. Chromosome presentation of hospitals and blood banks 
 
 
BBA1, 2, 3, 4, 5 BBB6, 7, 8, 9, 10. 
 
Figure 8. Grouping samples between blood banks and hospitals 
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Figure 9 present the whole process as a flowchart from the initial parameters to the routing and 
scheduling implementation using genetic algorithm operation (Mutation, Crossover, Selection), and looping 





Figure 9. Flowchart of GA implementation 
 
 
5. RESULTS AND DISCUSSION 
As we mentioned in previous chapters, the fuzzification of the data set was translated into 5 values 
(Very high, high, normal, low, very low), those data and beside the hospital information (an identifier, 
latitude-longitude) and week (is of date format), was used to train our machine learning model with up to 
800.000 records, and the prediction was well acceptable with 81% of a correct prediction for all three 
components (Red cells, plasma, platelets). Our model is more likely to be compared with both models 
ARIMA [6] and ANN [7] as mentioned previously, the present approach is based on transfer learning (TL) 
and fuzzy logic instead of ANN, to include sudden changes in blood demand. Also, the model is using fuzzy 
logic to determine the amount of blood bag/unit the delivery in case of shortage. Additionally, we specified 
in the previous chapter that the prediction is on a weekly basis due to the nature of some blood types which 
can be usable only for less than 5 days, thus the prediction on a monthly basis will be not suitable for all 
blood types. Using our generated data, the simulation of the three models in two different cases shows the 
results presented in Table 2. 
 
 
Table 2. MAE and RMSE records of ARMA, ANN and TL-FUZZY in shortage and sudden change cases 
 RMSE MAE 
 NORMAL SHORTAGE SUDDEN CHANGE NORMAL SHORTAGE SUDDEN CHANGE 
ARIMA 103.32 204.56 280.02 134.22 234.32 310.08 
ANN 87.11 102.45 192.56 55.32 144.23 207.53 
TL-FUZZY 101.34 80.32 102.86 56.43 81.67 99.45 
 
 
The Figure 10 is a graphical presentation (chart) of the Table 2 with the upper section using RMSE 
and the bellow section using mean absolute error (MAE). Using MAE and RMSE metrics, Figure 11 shows 
performance of the three models. This figure displays a confrontation between the models in usually normal 
situations, under shortage of blood resources and when sudden changes occur. In fact, as detailed in Table 2, 
Root mean squared error metric enlighten the right performance of the present TL-FUZZY model compared 
with others, especially in shortage and sudden change situations (204.56 for ARIMA, 102.45 for ANN but 
only 80.32 for TL-FUZZY in shortage cases). Also, MAE metric accentuate the performance of the present 
model in both unusual cases (310.08 for ARIMA, 207.53 for ANN and 99.45For TL-FUZZY). Finally, in 
usual situations, TL-FUZZY nearly rivals ARIMA model but still far from ANN feat. However under 
shortage circumstances or when a sudden change happens, where TL-FUZZY performed better when 
compared to both ANN and ARIMA models. For the routing and scheduling, our simulation shows a 
regression in fitness score from generation to the next one from 7011 fitness score to 5254, and stabilized at 
generation 75 and start to rise after, which means the generation 75 is more suitable. In terms of time as 
presented in Figure 12, the total consumption time from generation to the next is considerably changing. The 
first generation starts with 120 min to complete all visits, the 5th generation raised to 130 min, but just after 
start decrease to 71 min at generation 45 and start raising again to 85 min in generation 65, at last generation 
(70) the time was 70 min which is the “better result” for the simulation, which means an escape from the 
optimal minimum. 
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Figure 11. Fitness score (F) for each generation (G) 
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Health-care and especially hospitals suffer from blood delivery delay and distribution due to the lack 
of infrastructure and vision of future demand. Our contribution consists of the adoption of fuzzification data 
to get a clear idea about demand with linguistic values, train a model by using transfer learning to predict a 
future need in blood components by using historical data. And using an algorithm based on genetic 
algorithms to set a routine and schedule plan for blood unit bag distribution. The combination of fuzzy logic 
and machine learning besides genetic algorithms is rarely used in the resolution of similar matters. Also, even 
if this solution appears to be specific to the health-care and blood delivery sector, this work can concern 
further fields like agricultural and food-processing. It should be noticed that the model can be improved by 
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